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Abstract—This paper presents a new supervised classification
algorithm for remotely sensed hyperspectral image (HSI) which
integrates spectral and spatial information in a unified Bayesian
framework. First, we formulate the HSI classification problem
from a Bayesian perspective. Then, we adopt a convolutional
neural network (CNN) to learn the posterior class distributions
using a patch-wise training strategy to better use the spatial
information. Next, spatial information is further considered by
placing a spatial smoothness prior on the labels. Finally, we
iteratively update the CNN parameters using stochastic gradient
decent (SGD) and update the class labels of all pixel vectors
using α-expansion min-cut-based algorithm. Compared with
other state-of-the-art methods, the proposed classification method
achieves better performance on one synthetic dataset and two
benchmark HSI datasets in a number of experimental settings.
I. INTRODUCTION
Hyperspectral remote sensors capture digital images in hun-
dreds of continuous narrow spectral bands to produce a high-
dimensional hyperspectral image (HSI). Since HSI provides
detailed information on spectral and spatial distributions of
distinct materials [49], it has been used for many applica-
tions, such as land-use mapping [10], [34], [48], land-cover
mapping [34], forest inventory [43], and urban-area monitor-
ing [53]. All these applications require the material class label
of each hyperspectral pixel vector and thus HSI classification
has been an active research topic in the field of remote
sensing. The aim of HSI classification is to categorize each
hyperspectral pixel vector into a discrete set of meaningful
classes according to the image contents.
In the last few decades, many methods have been proposed
for HSI classification. These methods can be roughly divided
into two categories: spectral based methods and spectral-
spatial based methods. We first briefly review these HSI
classification approaches and then discuss the contributions
of our proposed method.
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A. Related work: spectral vs spectral-spatial based methods
Many classical HSI classification approaches are only based
on spectral information [2], [40], [62]. Among these methods,
pure spectral classification without any band reduction has
often been proposed in the literature [6], [11], [18], [44].
Besides, some other pure spectral methods which extract spec-
tral feature first using some feature extraction methods, such
as principal component analysis [40], independent component
analysis [62] and linear discriminant analysis [2], have also
been proposed. However, these approaches only consider the
spectral information and ignore the correlations among distinct
pixels in the image, which tends to decrease their classification
performance relative to those which consider both. In this
paper we instead focus on designing a spectral-spatial based
classification method.
Spectral-spatial based methods can help improve the classi-
fication performance since they incorporate additional spatial
information from the HSI. It has been often observed that
spatial information is often as crucial as spectral information
in the HSI classification task [23], [49], [50], [59]. Therefore,
spectral-spatial methods have been proposed that additionally
consider spatial correlation information. One approach is to
extract the spatial dependence in advance using a spatial fea-
ture extraction method before learning a classifier. The patch-
based feature extraction method is a representative example
of this approach [15], [16], [55], [57]. Here, features are
extracted from groups of neighboring pixels using a subspace
learning technique such as low-rank matrix factorization [64],
dictionary learning [15], [55] or subspace clustering [32].
Compared with the original spectral vector, the features ex-
tracted by patch-based methods have higher spatial smoothness
with some reduced noise [12].
Another popular spectral-spatial approach to incorporate
spatial information is using a Markov random field (MRF)
to post-process the classification map. MRF is an undirected
graphical model [4] that has been applied in a variety of fields
from physics to computer vision and machine learning. In
particular, they have been widely used for image processing
tasks such as image registration [70], image restoration [5],
image compression [51] and image segmentation [13]. In
the image segmentation task, MRFs encourage neighboring
pixels to have the same class label [39]. This has been
shown to greatly improve the classification accuracy in HSI
classification task [12], [38], [61].
Another family of spatial-spectral methods is based on
spatial regularization (anisotropic smoothing) prior to spec-
ar
X
iv
:1
70
5.
00
72
7v
2 
 [c
s.C
V]
  1
2 N
ov
 20
17
2tral classification of the regularized image [22], [45]. Aside
from these methods, some other spatial-spectral methods have
also been proposed, such as 3-dimensional discrete wavelet
transform [12], [50], 3-dimensional Gabor wavelets [54], mor-
phological profiles [3], attribute profiles [20] and manifold
learning methods [19], [42].
Although the previous approaches perform well, a drawback
to many of these approaches is that the extracted features are
hand-crafted. Specifically, these approaches extract the fea-
tures of the HSI by pre-specified strategies manually designed
directly on data without using the label information and not via
an “end-to-end” manner such as the deep learning approaches
introduced here. Thus they highly depend on prior knowl-
edge of the specific domain and are often sub-optimal [68].
In the last few years, deep learning has been a powerful
machine learning technique for learning data-dependent and
hierarchical feature representations from raw data [25]. Such
methods have been widely applied to image processing and
computer vision problems, such as image classification [37],
image segmentation [13], action recognition [31] and object
detection [58].
Recently, a few deep learning methods have been introduced
for the HSI classification task. For example, unsupervised
feature learning methods such as stacked autoencoders [14]
and deep belief networks [17] have been proposed. Although
these two unsupervised learning models can extract deep
hierarchical feature, the 3-dimensional (3D) patch must be first
flattened into 1-dimensional (1D) vectors in order to satisfy
the input requirement, thus losing some spatial information.
A supervised autoencoder [41] method that used label in-
formation during feature learning was also proposed. Similar
methods have been proposed based on the convolutional neural
network (CNN), for example, using a five-layer CNN trained
on a 1D spectral vector without using spatial information [29],
using a modified spectral-spatial deep CNN (SS-DCNN) [67]
with 3D patch input, or deep CNNs with spatial pyramid
pooling (SPP) [27] (SPP-DCNN) [66]. Other methods based
on CNNs [47], [68] and recurrent neural networks (RNNs) [46]
have also been proposed.
B. Contributions of our approach
As mentioned, compared with the traditional spectral-spatial
HSI classification methods, deep learning can directly learn
data-dependent and hierarchical feature representation from
raw data. Although all the above deep learning methods
obtain good performance, none of them formulate the HSI
classification task into a Bayesian framework, where deep
learning and MRF are considered simultaneously. Therefore,
in this paper we propose a new supervised HSI classification
algorithm in a Bayesian framework based on deep learning
and MRF. Our contributions are threefold:
1) We formulate the HSI classification problem from a
Bayesian perspective and solve this problem by introducing
an intermediate variable and other simplifications.
2) We propose a new model which combines a CNN
with a smooth MRF prior. Specifically, the CNN is used
to extract spectral-spatial features from 3D patches and the
smooth MRF prior is placed on the labels to further exploit
spatial information. Optimizing the final model can be done
by iteratively updating CNN parameters and class labels of
all the pixel vectors. In this way, we integrate the MRF with
the CNN. To our knowledge, this is the first approach that
integrates the MRF with the CNN for the HSI classification
problem.
3) Our experimental results on one synthetic HSI dataset
and two real HSI datasets demonstrate that the proposed
method outperforms other state-of-the-art methods for the HSI
classification problem, in particular the three deep learning
methods SS-DCNN [67], SPP-DCNN [66] and DC-CNN [68].
The rest of the paper is organized as follows: In Section 2
we formulate the HSI classification problem from a Bayesian
perspective. In Section 3 we describe our proposed approach.
In Section 4 we conduct experiments on one synthetic dataset
and two benchmark real HSI datasets and compare with state-
of-the-art methods. We conclude in Section 5.
II. PROBLEM FORMULATION
Before formulating the HSI classification problem, we first
define the problem-related notations used throughout the paper.
1) Problem notation: Let the HSI dataset be H ∈ Rh×w×d,
where h and w are the height and width of the spatial
dimensions, respectively, and d is the number of spectral
bands. The set of class labels is defined as K = {1, 2, . . . ,K},
where K is the number of classes for the given HSI dataset.
The set of all patches extracted from HSI data H is denoted
as X = {x1,x2, . . . ,xn}, where xi ∈ Rk×k×d, k is the patch
size in the spatial dimension, n = hw represents the total
number of extracted patches (sliding step is 1 and padding is
used). Each patch xi is first fed into a CNN (shown in Fig.1)
and then a flattened vector zi is output. The corresponding
label of zi is yi ∈ K, which is the label of the spectral
vector corresponding to the center of xi. For the purpose
of simplicity, we denote (xi, yi) as a sample, which doesn’t
mean all pixel vectors in xi belong to the same class yi
but means that the extracted spatial-spectral feature vector zi
belongs to class yi. In other words, we use the 3-D patches
only to obtain spatial-spectral feature for the corresponding
central pixel vector of this patch. The label set is defined as
y = {y1, y2, . . . , yn}. We define the training set for class k
as D(k)
l(k)
= {(x1, y1), . . . , (xl(k) , yl(k))} and thus the entire
training set can be denoted as Dl = {D(1)l(1) ,D
(2)
l(2)
, . . . ,D(K)
l(K)
},
where l =
∑K
k=1 l
(k)  n is the total number of training
patches.
2) Problem setup: The goal of HSI classification is to
assign a label yi to the central pixel vector of each patch
xi, i = 1, 2, . . . , n. In the discriminative classification frame-
work, the estimation of labels y for observations X can be
obtained by maximizing a distribution P(y|X ,Θ), where Θ
is the parameters of classifier. In our framework, we seek to
combine the spatial modeling power of a Markov random field
with the discriminative power of deep learning. Therefore, we
3let this distribution be of the form
P(y|X ,Θ) =
∑
y˜
P(y, y˜|X ,Θ)
=
∑
y˜
P(y|y˜)P(y˜|X ,Θ)
=
∑
y˜
P(y|y˜)
n∏
i=1
P(y˜i|xi,Θ), (1)
where y˜ = [y˜T1 ; y˜
T
2 ; . . . ; y˜
T
n ] ∈ Rn×K is an intermediate vari-
able, in which each y˜i ∈ RK provides an initial probabilistic
label pseudo-annotations for each patch xi. In our work, we
define the distribution P(y˜i|xi,Θ) as
P(y˜i|xi,Θ) =
{
1, y˜i = f(xi;Θ)
0, otherwise
(2)
where f is a classifier. After the pseudo-annotations y˜ is
obtained. Then, a second classifier P(y|y˜) takes this collec-
tion of pseudo-annotations y˜ and outputs the classification
label ŷ = [ŷ1; ŷ2; . . . ; ŷn], which can be made as ŷ =
argmaxy∈Kn P(y|X ,Θ).
However, since a sum over all y˜ is computationally in-
tensive, we simplify this in two ways for computational
convenience. First, instead of only learning ŷ by maximizing
P(y|X ,Θ), we learn a point estimate of the pairs (ŷ, y˜) by
maximizing P(y, y˜|X ,Θ). A goal is then to solve
(ŷ, y˜) = argmax
y,y˜
{
logP(y|y˜) +
n∑
i=1
logP(y˜i|xi,Θ)
}
. (3)
Our second simplification takes the form of breaking the op-
timization problem in Eq. (3) into two subproblems. First, we
calculate label pseudo-annotations y˜ based on the classifier f .
Then, given the annotation values y˜, the current classification
results ŷ can be obtained by maximizing logP(y|y˜). Thus Eq.
(3) can be solved by the following steps:
y˜i = f(xi;Θ
∗), i = 1, 2, . . . , n (4)
ŷ = argmax
y∈Kn
logP(y|y˜). (5)
Here it should be emphasized that classifier f is first trained
on the training data set Dl and Θ∗ is the learned parameters of
the classifier. After obtaining the current classification labels
ŷ on the whole HSI, next we train the classifier again using all
the patches X and their corresponding labels ŷ. The two steps
are iteratively implemented until some criteria are satisfied. In
this way, we can make full use of the unlabeled patches and
thus more information can be incorporated in our framework.
In this paper, in order to fully utilize both spatial and
spectral information of HSI, we design a new approach based
on this classification framework. Specifically, we firstly adopt a
convolutional neural network (CNN) as the classifier f , which
can not only help to extract spectral-spatial features for HSI,
but also can provide label pseudo-annotations y˜i for each xi.
Then, we place a smoothness prior on labels y to further
enforce spatial consistency. In the following section, we will
introduce these two aspects in detail.
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Fig. 1. The network structure of the CNN used as our discriminative classifier.
III. PROPOSED APPROACH
In this section, we first introduce the convolutional neural
network (CNN) classifier for HSIs. Then, we further consider
spatial information by placing a smoothness prior on the labels
y and formulate the classification task as a labeling problem
in an MRF. Finally, we summarize the proposed classification
algorithm.
A. Discriminative CNN-based classifier
Convolutional neural networks (CNN) play an important
role in many computer vision tasks. They consist of com-
binations of convolutional layers and fully connected layers.
Compared with the standard fully connected feed-forward
neural network (also called multi-layer perceptrons, MLP),
CNNs exploit spatial correlation by enforcing a local connec-
tivity pattern between neurons of adjacent layers to achieve
better performance in many image processing problem, such
as image denoising [63], image super-resolution [21], image
deraining [24] and image classification [37].
In this paper, we adopt the CNN structure shown in Figure 1.
This network contains one input layer, two pairs of convolution
and max pooling layers, two fully connected layers and one
output layer (The tuning of the network structure will be
discussed in Section IV). The detailed parameter settings in
each layer are also shown in Figure 1. For the hyperspectral
image classification task, each sample is a 3D patch of size
k × k × d. Next, we introduce the flow of processing each
sample patch xi at each layer of the CNN.
We note that there is no need to flatten the sample patch xi
into a 1-dimensional vector before it is fed into the input layer.
Therefore, the input size of the first layer is k × k × d. First,
the sample patch is input into the first convolutional layer,
followed by a max pooling operation. The first convolutional
layer filters the k × k × d sample patch using 100 filters of
size 5 × 5 × d. After this convolution, we have 100 feature
maps each n1×n1, where n1 = k− 4. We then perform max
pooling on the combined set of features of size n1×n1×100.
The kernel size of the max pooling layer is 2 × 2 and thus
the pooled feature maps have size of n2 × n2 × 100, where
n2 = dn1/2e. This set of pooled feature maps are then passed
through a second pair of convolutional and max pooling layers.
The convolutional layer contains 300 filters of size 3×3×100,
which filters the pooled feature maps into new feature maps of
size n3×n3×300, where n3 = n2−2. Again these new feature
4maps are input into the second max pooling layer with kernel
size 2×2 and turned into a second set of pooled feature maps
of size n4×n4×300, where n4 = dn3/2e. Finally, the second
pooled feature maps are flattened into a 1-dimensional vector
xpool2 and input to the fully connected layer. The computation
of the next three fully connected layers are as follows:
f (5)(xpool2) = σ(W
(5)xpool2 + b
(5)), (6)
f (6)(xpool2) = σ(W
(6)f (5)(xpool2) + b
(6)), (7)
f (7)(xpool2) = W
(7)f (6)(xpool2) + b
(7), (8)
where W(5), W(6) and W(7) are weight matrices, b(5),
b(6) and b(7) are the biases of the nodes, and σ(.) is the
non-linear activation function. In our network, the activa-
tion functions in the convolutional layers and fully con-
nected layers are all selected to be the rectified linear
unit (ReLU) function. In order to simplify the notation,
we denote W = {W(1),W(3),W(5),W(6),W(7)} and
b = {b(1),b(3),b(5),b(6),b(7)}, where {W(1),W(3)} and
{b(1),b(3)} are the weight matrices and biases in the convo-
lutional layers respectively. Thus the aforementioned classifier
parameters Θ are {W,b} in the CNN.
The final vector f (7) ∈ RK is then passed to the
softmax (normalized exponential) function, which gives a
distribution on the label. As defined previously, the label
pseudo-annotations is y˜i for a given sample xi. Then the
pseudo-classification label can be obtained according to yci =
argmaxk∈K y˜ik. Therefore, given the training set (Dl in the
first updating and then the whole (X , ŷ)) where we represent
each scalar label yi ∈ K of a training sample as a one-hot
vector yi ∈ RK , the cross-entropy (CE) loss function can be
computed as
E(W,b) =
1
l
∑
i
CE(yi, y˜
(W,b)
i ),
= −1
l
∑
i
K∑
k=1
yik log y˜
(W,b)
ik , (9)
where W and b is the parameter set defined above and here
we denote y˜i as y˜
(W,b)
i in order to emphasize that the pseudo-
annotations y˜i is based on the learned CNN. The optimization
of the loss function Eq. (9) is conducted by using the stochastic
gradient descent (SGD) algorithm. In the tth iteration, the
weight and bias are updated by
Wt+1 = Wt − α∂E(W,b)
∂W
|Wt , (10)
bt+1 = bt − α∂E(W,b)
∂b
|bt , (11)
where the gradients with respect to W and b are calculated
using the back-propagation algorithm [52] and α is the learn-
ing rate, which is set as 0.001 in our experiments. Here it
should be noted that unlike some CNN applications, where
the CNN parameters are first pre-trained on some samples
prepared in advance and then fine-tuned on the new dataset,
our proposed CNN-MRF method is directly applied to each
dataset without pre-training. In all our experiments, the CNN
weight parameters W are initialized by random standard
normal distribution and the bias parameters b are initialized
with zeros. In order to alleviate the issue of overfitting of the
proposed CNN in the training phase, dropout strategy [56] is
also adopted in the 5th and 6th fully connected layers and the
dropout rate is set as 0.5 in our experiments.
B. Label smoothness prior and MRF optimization
After the label pseudo-annotations y˜ are obtained using the
current trained CNN. Then, we begin to present our core model
based on the simplifications from Eq. 1 to Eq. 5. Specifically,
in order to obtain the classification results ŷ we need to solve
the following optimization problem
ŷ = argmax
y∈Kn
logP(y|y˜)
= argmax
y∈Kn
logP(y˜|y) + logP(y)
= argmax
y∈Kn
n∑
i=1
logP(y˜i|yi) + logP(y) (12)
where y˜ can be regarded as new features for this problem,
logP(y˜i|yi) is the log-likelihood and P(y) is the label prior.
Specifically, in our work, the log-likelihood logP(y˜i|yi) is
defined as
logP(y˜i|yi) =
K∑
k=1
1{yi = k} log y˜ik, (13)
where 1{·} is an indicator function.
In image segmentation tasks, it is probable that adjacent
pixels have the same label. The exploitation of this naive prior
information can often dramatically improve the segmentation
performance. In this paper, we enforce a spatially smooth prior
on labels y to encourage neighboring pixels to belong to the
same class. This smoothness prior distribution on labels y is
defined as
P(y) =
1
Z
eµ
∑n
i=1
∑
j∈N(i) δ(yi−yj), (14)
where Z is a normalization constant for the distribution, µ
is the label smoothness parameter, N (i) is the neighboring
pixels of pixel i and δ(·) is a function defined as: δ(0) = 1
and δ(y) = −1 for y 6= 0. We note that the pairwise
interaction terms δ(yi − yj) obtain higher probability when
neighboring labels are equal than when they are not equal.
In this way, this smoothness prior can encourage piecewise
smooth segmentations.
Based on Eq. (13) and Eq. (14), the final classification
model (12) is thus given by
ŷ=argmax
y∈Kn

n∑
i=1
K∑
k=1
1{yi = k}log y˜ik+µ
n∑
i=1
∑
j∈N (i)
δ(yi−yj)
 .
(15)
This objective function contains many pairwise interaction
terms and is a challenging combinatorial optimization prob-
lem. It can also be regarded as an MRF model in which an
undirected model graph G =< V, E > is defined on the whole
image, where graph node sets V correspond to pixels, and the
undirected edge set E represents the neighboring relationship
5between the pixels [9]. We define a random variable yi on each
node vi ∈ V , thus allowing the labels y to form a Markov
random field. The objective function is its energy function,
of which the first term represents the cost of a pixel being
assigned with different classes. The larger the probability of a
pixel belonging to a certain class, the more probable that the
pixel is assigned the corresponding label. The second term
of the energy function encourages the labels of neighboring
pixels to be the same.
This optimization problem of the MRF is NP-hard. Many
approximating algorithms have been proposed, such as the
graph cut method [8], [36], belief propagation [65] and mes-
sage passing [35]. In this paper, we use the α-expansion min-
cut method [8] because of its good performance and fast
computation speed.
C. CNN-MRF classification algorithm
After introducing how to update CNN’s parameters and
compute class labels respectively, we can summarize our
CNN-MRF classification algorithm in detail in Algorithm 1.
Besides, the corresponding flowchart of this algorithm is also
depicted in Figure 2.
Algorithm 1 CNN-MRF classification algorithm for HSI
Input: HSI patches X , training data Dl, learning rate α,
smoothness parameter µ, batch size nbatch.
Output: Labels ŷ.
1: Train the CNN classifier using Dl;
2: Compute y˜ on X and update label ŷ = α-Expansion(y˜,µ).
3: Train the CNN classifier using {X , ŷ};
4: Compute y˜ on X and update label ŷ = α-Expansion(y˜,µ).
5: Repeat step 3 and 4 until the stopping criterion is satisfied.
IV. EXPERIMENTS
To test the effectiveness of our proposed CNN-MRF clas-
sification algorithm in different scenarios, we conduct experi-
ments on one synthetic dataset and two real-world benchmark
datasets.1 For comparison, we consider several state-of-the-art
HSI classification methods, including support vector machine
graph-cut method (SVM-GC), subspace multinomial logistic
regression with multilevel logistic prior (MLRsubMLL)2 [38]
and support vector machine based on the 3-dimensional dis-
crete wavelet transform method (SVM-3DDWT-GC)3 [12].
It should be noted that the competing methods SVM-GC
and MLRsubMLL are methods that integrate the MRF into
the SVM and MLRsub methods, respectively. In order to
distinguish the classification methods with MRF and without
MRF, we denote them as classification methods and regu-
larized classification methods, respectively. Besides, we also
compare with three deep learning methods: SS-DCNN [67],
SPP-DCNN [66] and DC-CNN [68]. Our proposed CNN-MRF
approach is implemented in Python using the Tensorflow [1]
1Code is available at: https://github.com/xiangyongcao/CNN HSIC MRF.
2Code is available at: https://www.lx.it.pt/∼jun/demos.html
3Code is available at: https://github.com/xiangyongcao/3DDWT-SVM-GC
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Fig. 2. The flowchart of the proposed CNN-MRF algorithm.
library on a server with Nvidia GeForce GTX 1080 and Tesla
K40c. All non-deep algorithms are run in Matlab R2014b. For
comparisons with other deep learning models, we use the best
reported results for these algorithms.
All methods are compared numerically using the following
three criteria [12]: overall accuracy (OA), average accuracy
(AA) and the kappa coefficient (κ). OA represents the number
of correctly classified samples divided by the total number
of test samples, AA denotes the average of individual class
accuracies, and κ involves both omission and commission
errors and gives a good representation of the the overall
performance of the classifier. For all the three criteria, a larger
value indicates a better classification performance.
A. Synthetic HSI data
In this section, we first generate a synthetic HSI dataset.
Then, we use this dataset to evaluate in detail the sensitivity
of performance to different parameters setting of our CNN
structure. Finally, we compare our method with other compet-
ing methods on this dataset using the tunning CNN structure.
1) Generation of Synthetic HSI data: To generate a
synthetic HSI data, five endmembers are first extracted
randomly from a real scene with 162 bands in ranges
400−2500 nm, and then 40000 vectors are generated as a
sum of Gaussian fields with constraints so as to respect
the abundance-nonnegative-constraint (ANC) and abundance-
sum-to-one-constraint (ASC). Finally, this dataset is generated
using a Generalized Bilinear Mixing Model (GBM) [69]:
z =
K∑
i=1
aiei +
K−1∑
i=1
K∑
j=i+1
γijaiajei  ej + n, (16)
with class number K = 5. Here z is the simulated pixel vector,
γij are selected uniformly from [0, 1], ei, i = 1, . . . , 5 are the
6five end-members, n is the Gaussian noise with an SNR of 30
dB, ai ≥ 0 and
∑K
i=1 ai = 1.
2) Impact of parameter settings: In this section, we eval-
uate in detail the sensitivity of performance to different
parameters settings of our CNN structure. In the following
experiments, we use the synthetic dataset and randomly choose
1% training samples from each class as training data and the
remaining for testing.
(1) Kernel Size: First, we test the impact of different kernel
sizes. We fix the kernel size of the second layer as 3 and
evaluate the performance by varying the kernel size in the
first layer. Table I shows these results. From this table we can
conclude that larger kernel sizes can obtain better results. This
is because more structure and texture can be captured using a
larger kernel size. Therefore, in our experiments, we set the
kernel size of the first layer as 5.
TABLE I
OVERALL ACCURACY (%) WITH DIFFERENT KERNEL SIZES.
Kernel Size 1 2 3 4 5
OA 96.07 96.71 97.10 98.26 99.51
(2) Network Width: Next, we evaluate the impact of network
width in the convolutional layer on the classification results.
Fixing the network width of the first convolutional layer to
100, we test the performance by changing the width of the
second convolutional layer. These results are displayed in
Table II. It can be observed that the results are not very
sensitive to the network width and thus in our experiments,
we select 200 as the default setting of the network width in
the second convolutional layer.
TABLE II
OVERALL ACCURACY (%) WITH DIFFERENT NETWORK WIDTHS.
Network Width 50 100 200 300 500
OA 99.27 99.36 99.51 99.32 99.35
(3) Network Depth: We also conduct experiments to test
the impact of different network depths by reducing or adding
non-linear layers. We train and test on 5 networks with depths
5, 7, 9, 11 and 13. The experimental results are summarized
in Table III. From this table it can be seen that increasing
the network depth does not always generate better results,
which may be a result of the gradient vanishing problem [28]
encountered by deeper neural networks. For this experiment,
the best performance can be achieved by setting the network
depth to 7, which we use as the default setting for the network
depth in our experiments.
TABLE III
OVERALL ACCURACY (%) WITH DIFFERENT NETWORK DEPTHS.
Network Depth 5 7 9 11 13
OA 99.35 99.52 99.48 99.45 99.41
(4) Patch Size: We also investigate the performances of our
proposed method with respect to different data patch sizes k =
{1, 3, 5, 9, 13}. These results are shown in Table IV. As can be
seen, a larger patch size of the sample generates better results.
This is because more spatial information is incorporated into
the training process. However, it also takes more computation
time to train the network with an increasing patch size. Thus
we choose 9 as the default setting of patch size as a tradeoff
between performance and the running time.
TABLE IV
OVERALL ACCURACY (%) WITH DIFFERENT PATCH SIZES.
Patch Size 1 3 5 9 13
OA 95.12 96.40 98.13 99.43 99.52
(5) Smoothness parameter: Finally, we test the impact of
different smoothness parameter µ on the obtained classification
results. Table V shows these results, where it can be observed
that setting µ = 20 produces the best classification results.
Thus we use this value in our experiments.
TABLE V
OVERALL ACCURACY (%) WITH DIFFERENT SMOOTH PARAMETERS.
Smooth Parameter 1 3 5 10 20 30 50
OA 98.43 98.61 98.70 98.89 99.53 99.31 99.35
For other parameters, such as the kernel size in max pooling
layer which is set as 2, the number of nodes in the two fully
connected layers, which are set as 200 and 100 respectively, we
observe consistent performance under variations. Therefore,
we didn’t report their impact to the performance in this
section. The learning rate α is set as 0.001 and the batch
size nbatch is set as 100 for synthetic and Indian Pines dataset
since consistent performance is also observed under variations.
While for Pavia University dataset the learning rate is set
to 0.0001 and the batch size nbatch is set as 150. For the
following experiments, we adopt the same network structure.
3) Experimental result of the synthetic HSI data: Using the
parameter settings above for the CNN structure, we compare
our CNN-MRF method with other competing methods. The
final classification results are shown in Table VI. From Table
VI, we see that the proposed CNN-MRF method achieves
better performance with respect to OA, AA and κ than other
methods. We emphasize that all non-deep learning methods
(namely SVM-GC, MLRsubMLL and SVM-3DDWT-GC) in
this experiment use the MRF to post-process the classification
map, and the differences between them and our method are
the way to extract features and the iteratively updating the
CNN parameters and class labels. Thus the improvement in our
method here is due to the use of CNN and the integration of
CNN with MRF. Comparing with other deep-learning method,
our CNN-MRF method also outperforms them. For better
visualization, we also demonstrate the final classification map
in Figure 3. From Figure 3, we can see that the classification
maps obtained by our method are visually closer to the ground
truth map than the other methods, which is consistent with the
quantitative metric OA.
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OVERALL ACCURACIES (%), AVERAGE ACCURACIES (%), KAPPA STATISTICS AND RUNNING TIME OF ALL COMPETING METHODS ON THE SYNTHETIC
DATASET.
Class SVM-GC [60] MLRsubMLL [38] SVM-3DDWT-GC [12] SS-DCNN [67] SPP-DCNN [66] DC-CNN [68] CNN-MRF
OA 96.44 97.92 93.89 94.75 95.63 98.78 99.55
AA 94.55 95.74 91.37 92.46 93.24 96.59 97.83
κ 95.23 96.03 92.84 93.57 94.46 97.21 98.26
 Ground-truth ?????SVM-GC (96.44%) ??MLRsubMLL(97.92%) ????????SVM-3DDWT-GC?93.89%?
?????SS-DCNN (94.75%) ?????SPP-DCNN (95.63%) ?????DC-CNN (98.78%) ?????CNN-MRF(99.55%)
Fig. 3. Classification maps obtained by all competing methods on the synthetic dataset (overall accuracies are reported in parentheses).
TABLE VII
STATISTICS OF THE INDIAN PINES DATA SET, INCLUDING THE NAME, THE
NUMBER OF TRAINING, TEST AND TOTAL SAMPLES FOR EACH CLASS.
Class Samples
No Name Train Test Total
1 Alfalfa 5 41 46
2 Corn-no till 143 1285 1428
3 Corn-min till 83 747 830
4 Corn 24 213 237
5 Grass-pasture 49 434 483
6 Grass-trees 73 657 730
7 Grass-pasture-mowed 3 25 28
8 Hay-windrowed 48 430 478
9 Oat 2 18 20
10 Soybean-no till 98 847 972
11 Soybean-min till 246 2209 2455
12 Soybean-clean 60 533 593
13 Wheat 21 184 205
14 Woods 127 1138 1265
15 Buildings-Grass-Trees-Drives 39 347 386
16 Stone-Steel-Towers 10 83 93
Total 1025 9224 10249
B. Real HSI Data
We next test our method on two real HSI benchmark
datasets, the Indian Pines dataset and Pavia University dataset,
in a variety of experimental settings.
1) AVIRIS Indian Pines Data: This data set was gathered by
the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS)
sensor over the Indian Pines test site in North-western Indiana
in June 1992. The original dataset contains 220 spectral re-
flectance bands in the wavelength range 0.4−2.5 µm, of which
20 bands cover the region of water absorption. Unlike other
methods which remove the 20 polluted bands, we keep all 220
bands in our experiments. This HSI has a spectral resolution
of 10 nm and a spatial resolution of 20 m by pixel, and the
spatial dimension is 145×145. The ground truth contains 16
land cover classes. This dataset poses a challenging problem
because of the significant presence of mixed pixels in all
available classes and also because of the unbalanced number
of available labeled pixels per class. A sample band of this
dataset and the related ground truth categorization map are
shown in Figure 4.
To first evaluate our proposed CNN-MRF method in the
scenario of limited training samples, we randomly choose
10% of the available labeled samples for each class from
the reference data, which is an imbalanced training sample
case, and use the remaining samples in each class for testing.
The training and testing sets are summarized in Table VII.
This experiment is repeated 20 times for each method and the
average performance is reported.
Additionally, some parameters need to be set in advance in
these experiments. For the competing methods, their parame-
8TABLE VIII
INDIVIDUAL CLASS, OVERALL, AVERAGE ACCURACIES (%) AND KAPPA STATISTICS OF ALL METHODS ON THE INDIAN PINES IMAGE TEST SET.
Class Classification algorithms Regularized Classification algorithmsSVM MLRsub SVM-3DDWT CNN SVM-GC [60] MLRsubMLL [38] SVM-3DDWT-GC [12] CNN-MRF
1 73.17 46.34 63.41 85.23 95.12 95.12 82.93 86.52
2 62.65 40.93 89.81 90.17 68.48 50.04 95.56 91.46
3 52.88 26.24 91.97 93.43 56.49 13.12 95.72 96.35
4 32.39 17.37 80.75 84.19 77.00 15.02 95.77 96.22
5 91.24 70.97 96.77 98.76 94.47 73.04 96.54 99.48
6 92.09 94.37 98.78 99.43 97.72 98.93 99.39 99.82
7 36.00 18.18 56.00 74.52 34.42 37.25 0 78.00
8 95.58 96.51 100 98.74 100 100 100 98.84
9 0 22.22 94.44 100 0 0 88.89 100
10 61.44 25.06 88.44 91.71 75.06 19.68 92.22 94.26
11 86.92 78.23 95.79 95.59 95.47 88.82 98.05 96.48
12 76.36 16.51 94.93 89.97 99.44 16.51 98.31 91.85
13 91.85 93.48 94.57 98.64 98.37 99.46 98.37 98.85
14 97.01 99.38 97.72 97.88 97.45 99.91 99.03 98.36
15 48.13 4.32 79.83 89.95 76.66 60.52 89.91 91.54
16 91.57 77.11 75.90 96.83 98.80 83.13 72.29 97.85
OA 77.02 63.12 93.19 94.05 85.92 70.45 94.28 96.12
AA 68.08 50.57 87.44 92.97 76.91 56.82 87.69 94.75
Kappa 73.49 53.13 92.22 92.86 83.78 65.43 94.85 95.78
????????(a) ??????? (b)
Fig. 4. Indian Pines image and related ground truth categorization informa-
tion. (a) The original HSI. (b) The ground truth categorization map (This
figure is better seen by zooming on a computer screen.)
ters are set as their papers suggest: For SVM-based methods,
the RBF kernel parameter γ and the penalty parameter C are
tuned through 5-fold cross validation (γ = 2−8, 2−7, . . . , 28,
C = 2−8, 2−7, . . . , 28). For SVM-GC and SVM-3DDWT-GC,
the spatial smoothness parameter β is set as 0.75 advised
by [12], [61]. For MLRsubMLL, the smoothness parameter
µ and the threshold parameter τ are set following [38]. For
our proposed CNN-MRF method, we adopt the same network
structure as the synthetic HSI data.
For the above experimental settings, in order to measure the
performance improvement due to including spatial contextual
information with the MRF, we also report the classification
results of each method without using the MRF prior, and
call these methods SVM, MLRsub, SVM-3DDWT and CNN,
respectively. Classification maps on the Indian dataset are
shown for all methods in Figure 5, and the accuracies (i.e.
individual class accuracy, OA, AA and κ) are reported in Table
VIII.
From Table VIII, we highlight two main results. First,
CNN-MRF and CNN, which are both deep learning methods,
achieve the first and third best performance in terms of the
three criteria (OA, AA and κ); CNN-MRF attains about 2%
improvement in term of OA in this scenario, with SVM-
3DDWT-GC trailing slightly behind (94.28%). And CNN falls
behind SVM-3DDWT-GC only 0.23%. This means that using
a CNN for classification without the MRF performs better
than a MRF-based model with other classifier except the
SVM classifier with 3DDWT features. The CNN therefore
significantly helps for this problem. Moreover, as depicted in
Figure 5, the classification maps of the CNN-based methods
are noticeably closer to the ground truth map. Finally, directly
comparing the MRF and non-MRF based methods, we can
conclude that using an MRF prior significantly improves the
classification accuracy of any particular classifier because it
further embeds the spatial smoothness information into the
segmentation stage. Therefore, the superior performance of our
proposed CNN-MRF method can be explained by using the
CNN and MRF strategies simultaneously to fully exploit the
spectral and spatial information in a HSI.
2) ROSIS Pavia University Data: We perform similar ex-
periments on a second real HSI dataset. This HSI was ac-
quired by the Reflective Optics System Imaging Spectrometer
(ROSIS) over the urban area of the University of Pavia in
northern Italy on July 8, 2002. The original dataset consists
of 115 spectral bands ranging from 0.43 to 0.86 µm, of which
12 noisy bands are removed and only 103 bands are retained
in our experiments. The scene has a spatial resolution of 1.3
m per pixel, and the spatial dimension is 610×340. There are
9 land cover classes in this scene and the number of each
class is displayed in Table IX. We show a sample band and
the corresponding ground truth class map in Figure 6.
To evaluate the performance of our proposed CNN-MRF
method using only a small number of labeled training samples,
we randomly chose 40 samples for each class from the ground
truth data for training, which gives a balanced training sample,
and the remaining samples are used for testing. The related
9 Ground-truth 
?????SVM-GC (85.92%) ??MLRsubMLL(70.45%) ????????SVM-3DDWT-GC?94.28%? ?????CNN-MRF(96.12%)
?????SVM (77.02%) ??MLRsub(63.12%) ????????SVM-3DDWT?93.19%? ??????????CNN(94.05%)
Fig. 5. Classification maps obtained by all methods on the Indian Pines dataset (overall accuracies are reported in parentheses).
TABLE IX
STATISTICS OF THE PAVIA UNIVERSITY DATA SET, INCLUDING THE NAME,
THE NUMBER OF TRAINING, TEST AND TOTAL SAMPLES FOR EACH CLASS.
Class Samples
No Name Train Test Total
1 Asphalt 40 6591 6631
2 Meadows 40 18609 18649
3 Gravel 40 2059 2099
4 Trees 40 3024 3064
5 Painted metal sheets 40 1305 1345
6 Bare Soil 40 4989 5029
7 Bitumen 40 1290 1330
8 Self-Blocking Bricks 40 3642 3682
9 Shadows 40 907 947
Total 360 42416 42776
???????  (a) ???????  (b)
Fig. 6. Pavia University image and related ground truth categorization
information. (a) The original HSI. (b) The ground truth categorization map.
(This figure is better seen by zooming on a computer screen.)
statistics are also summarized in Table IX. As previously,
we repeat this experiment 20 times for each method and
report the average performance. All parameters involved in the
compared methods are tuned in the same way as the previous
Indian Pines experiment. The network structure settings of the
CNN are also the same. Classification and segmentation maps
obtained by all methods on this dataset are illustrated in Figure
7 and accuracies (i.e. individual class accuracy, OA, AA and
κ) are summarized in Table X.
From Table X, we can conclude that, for this dataset, our
CNN-MRF approach again achieves the best performance in
terms of the three quantitative criteria. It is also worth noting
that the CNN without MRF again performs third best with
respect to OA and κ, which means that the CNN plays an im-
portant role in improving the classification accuracy. By using
the MRF prior, CNN-MRF obtains about 2% improvement in
terms of the OA compared with the CNN. However, for other
classification algorithms we observe that the MRF can greatly
boost classification accuracy. For example, MLRsubMLL has
about 30% improvement according to OA compared with
MLRsub. SVM-3DDWT-GC has the second best classifica-
tion OA (94.12%) due to the 3D discrete wavelet transform
(3DDWT), as has been previously studied in [12]. Meanwhile,
it can be seen from Figure 7 that CNN-MRF obtains much
smoother classification map than other methods, which is
consistent with the results shown in Table X. Consequently,
improvement of our CNN-MRF approach can be explained by
the use of CNN and MRF models simultaneously.
C. Limited training data scenarios
To analyze the sensitivity of the proposed method to training
sets consisting of limited training samples, we conduct addi-
tional experiments in which 0.1%, 0.2%, 0.3%, 0.4% and 0.5%
of each class are randomly selected from the Pavia University
data as training samples and the remaining are used for
testing. For this experiment, we adopt the data augmentation
technique [37] to help the training process of the CNN. The
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TABLE X
INDIVIDUAL CLASS, OVERALL, AVERAGE ACCURACIES (%) AND KAPPA STATISTICS OF ALL COMPETING METHODS ON THE PAVIA UNIVERSITY IMAGE
TEST SET.
Class Classification algorithms Regularized classification algorithmsSVM MLRsub SVM-3DDWT CNN SVM-GC [60] MLRsubMLL [38] SVM-3DDWT-GC [12] CNN-MRF
1 72.17 62.10 84.78 96.82 97.74 87.07 92.03 98.02
2 64.85 46.57 93.62 96.80 67.92 96.97 97.33 97.78
3 75.57 58.38 85.04 86.16 90.38 77.27 86.89 88.47
4 89.62 89.75 95.90 98.54 90.34 83.90 97.09 99.17
5 97.78 99.54 98.77 99.88 99.85 99.54 98.70 99.90
6 72.42 73.80 94.29 90.40 94.75 99.40 98.12 93.00
7 86.82 80.78 96.59 86.92 71.16 94.50 98.84 87.47
8 67.13 66.56 79.82 90.94 68.51 64.83 84.46 91.66
9 97.57 99.56 100 97.53 99.67 99.78 100 98.03
OA 73.41 61.36 91.27 94.82 80.21 91.13 94.12 96.18
AA 79.36 75.23 92.09 93.77 86.70 89.25 94.83 94.83
Kappa 66.23 53.26 88.55 93.89 75.09 88.19 93.55 94.62
 Ground-truth 
?????SVM-GC (80.21%)
?????SVM (73.41%) ??MLRsub(61.36%)
??MLRsubMLL(91.13%)
????????SVM-3DDWT?91.27%?
????????SVM-3DDWT-GC?94.12%?
??????????CNN(94.82%)
?????CNN-MRF(96.18%)
Fig. 7. Classification maps obtained by all competing methods on the Pavia University dataset (overall accuracies are reported in parentheses).
OA of all methods are displayed in Figure 8. From Figure
8(a), we observe that the classification results of the CNN
method outperform the other methods for each training set
size. Additionally, when the spatial prior is considered using
the MRF, the classification results in Figure 8(b) significantly
improve the corresponding classification results in Figure 8(a),
again indicating that the MRF is an important factor for
improving the classification accuracy.
D. Study on the interaction between CNN and MRF
Furthermore, in order to clearly illustrate the interactive
influence between CNN and MRF, we also report the OA of
our method on the three datasets as a function of iteration. The
results are shown in Table XI. Specifically, in our experiments,
we first train our CNN for 30 epochs using the training data
Dl. Then, we update the class labels ŷ every 10 epochs. From
Table XI, it can be seen that the OA first increases quickly
in the first 30 epochs. Then, the OA increases slowly for
about 40 epochs. Finally, the OA decreases a little or has a
slight fluctuation. Therefore, we conclude that the interaction
between the CNN and MRF can help the final classification
OA. In our experiments, we set the maximum epoch as 60 and
report the output as the results of our method.
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Fig. 8. Overall accuracy (%) obtained by all competing methods with different proportions of training samples on Pavia University dataset. (a) Classification
results. (b) Regularized classification results.
TABLE XI
THE CHANGE OF OVERALL ACCURACY (%) AS EPOCH GOES.
Epoch 10 20 30 40 50 60 70 80 90 100
Synthetic 92.53 96.72 98.85 99.44 99.52 99.58 99.44 99.30 99.12 99.25
Indian Pines 87.29 92.67 94.05 95.36 95.91 96.12 95.93 96.03 95.98 95.97
PaviaU 83.71 92.71 94.82 95.71 95.92 96.18 96.17 96.18 96.16 96.18
E. Comparison with other deep learning methods
In order to further evaluate the performance of our pro-
posed CNN-MRF method, we compare with three recent deep
learning HSI classification algorithms: SS-DCNN [67], SPP-
DCNN [66] and DC-CNN [68]. We use the two previous real
datasets for comparison. For fair comparison, we choose the
training samples with same proportion as was done in [68].
Specifically, for the Indian Pines dataset, we choose 10%
samples from each class as training set, and for the Pavia
University dataset we choose 5% samples from each class as
training data. We also apply the data augmentation strategy
in the two experiments since all deep learning algorithms can
adopt this strategy. The results for each algorithm are displayed
in Table XII and Table XIII.4 Results for Indian Pines are
shown in Table XII, where it can be seen that our proposed
CNN-MRF method achieves improved performance compared
with other deep methods in terms of OA, AA and κ. We
show results for the Pavia University data in Table XIII. We
again observe that our method achieves the best performance
compared with other methods. From Table XII and XIII, we
can conclude that the running time of our proposed method
is a potential drawback. Here the running time reported in
this experiment includes both training and testing time. (This
could be further addressed with high-performance computing
resources and techniques.)
F. Comparison with other label regularization methods
In order to evaluate the performance of MRF, we compare
it with other label regularization methods, such as median
4The results for SS-DCNN, SPP-DCNN and DC-CNN are taken from [68].
The running time of Table VIII and Table XII is different since data
augmentation strategy is adopted in this experiment of Table XII.
TABLE XII
OVERALL ACCURACY, AVERAGE ACCURACY AND KAPPA COEFFICIENT (%)
OF ALL THE DEEP LEARNING METHODS ON THE INDIAN PINES DATASET.
SS-DCNN [67] SPP-DCNN [66] DC-CNN [68] CNN-MRF
OA 90.76 91.60 98.76 99.32
AA 85.52 93.96 98.50 99.27
kappa(κ) 89.44 90.43 98.58 99.21
Time 255.32 328.18 4860.57 1454.62
TABLE XIII
OVERALL ACCURACY, AVERAGE ACCURACY AND KAPPA COEFFICIENT (%)
OF ALL THE DEEP LEARNING METHODS ON THE PAVIA UNIVERSITY
DATASET.
SS-DCNN [67] SPP-DCNN [66] DC-CNN [68] CNN-MRF
OA 93.34 94.88 99.68 99.71
AA 92.20 93.29 99.50 99.55
kappa(κ) 91.95 93.21 99.58 99.63
Time 266.11 333.90 3421.25 1156.43
filter [30] and majority voting [7]. The other two methods
are implemented just by replacing the MRF optimization
with median filter method and majority voting method in our
algorithm framework (we call the two methods as CNN-MF
and CNN-MV respectively). All the methods are compared
on the above synthetic data, Indian Pines data and Pavia
University data with the same experimental settings as shown
earlier. For median filter and majority voting methods, we set
the window size as {3,5,7} and report the best result. The
experimental results are shown in Table XIV and Figure 9.
From Table XIV and Figure 9, we can easily observe that
in MRF obtains the best performance comparing with other
two simple label regularization methods on all the datasets.
Thus we adopt MRF as the label regularization method in our
algorithm.
V. CONCLUSIONS
In this paper, we proposed a novel technique for HSI
classification that incorporates both spectral and spatial infor-
12
 Ground-truth 
 Ground-truth 
 Ground-truth 
???????????CNN(98.89%)
???????????CNN(94.05%)
???????????CNN(94.82%)
???????CNN-MF(93.92%)
?????CNN-MV(95.55%)???????CNN-MF(95.44%)
??????CNN-MV(94.10%) ?????CNN-MRF(99.25%)
??????CNN-MV(95.37%) ?????CNN-MRF(95.52%)???????CNN-MF(95.19%)
?????CNN-MRF(95.69%)
Fig. 9. Classification maps obtained by all competing methods on the Pavia University dataset (overall accuracies are reported in parentheses).
TABLE XIV
OVERALL ACCURACY (%) OF ALL THE LABEL REGULARIZATION
METHODS ON THE SYNTHETIC, INDIAN PINES AND PAVIA UNIVERSITY
DATASETS.
CNN CNN+Median Filter CNN+Majority Voting CNN-MRF
Synthetic 98.89 93.92 94.10 99.25
Indian Pines 94.05 95.19 95.37 95.52
PaviaU 94.82 95.44 95.55 95.69
mation in a unified Bayesian framework. Specifically, we use
a convolutional neural network (CNN) in combination with
a Markov random field to classify HSI pixel vectors in a
way fully takes spatial and spectral information into account.
We then efficiently learn the classfication result by iteratively
updating the CNN parameters and the class labels of all
HSI pixel vectors. Experimental results on one synthetic HSI
dataset and two real benchmark HSI datasets show that our
method outperforms state-of-the-art methods, including deep
and non-deep models. In the future, we will further consider
the HSI classification task in unsupervised settings. Besides,
we will also try to extend our model to the popular deep
generative models, such as variational autoencoder (VAE) [33]
and generative adversarial network (GAN) [26]. Furthermore,
we hope to design more powerful regularization regimes,
extending the employed MRF one, for different application
scenarios of this problem in our future research. We will also
consider dimensionality reduction techniques in our methods
to further make the method more efficiently computed, espe-
cially on large-scaled datasets.
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